There is extensive empirical evidence that travellers consider many qualities (travel time, tolls, reliability, etc.) when choosing between alternative routes. Two main approaches exist to deal with this in network assignment models: Combine all qualities into a single (linear) utility function, or solve a multi-objective problem.
Introduction
dominated (there is no other alternative which is not worse in all qualities, and 126 strictly better in at least one) to all have significantly bigger probabilities of being 127 chosen than dominated ones; (2) that the relationship between the qualities of al- 
The conventional SUE formulation

139
We assume travellers are choosing between n discrete alternatives (routes).
140
The utility U i of alternative i is assumed to have both a deterministic and a random 
where θ k (k = 1, 2, ...m) are parameters, and { 1 , 2 , . . . , n } are continuous ran-145 dom components following some given joint probability distribution. The proba-146 bility to choose any alternative i is then given by the probability that it is seen as 147 being the best alternative in the sense of having highest utility U i among all the 148 alternatives,
149
P r (U i ≥ max {U j : j = i, j = 1, 2, . . . , n}) .
In order to incorporate this in a formulation for SUE, we then suppose that the 
This is the conventional approach for using models such as SUE for addressing 160 problems where travellers have multiple qualities that motivate their choice. In 161 the special case in which we assume the error terms follow independent Gumbel 162 distributions for the n (route) alternatives, it is well-known that we can derive the We note that by including the m + 1 parameters β and θ k (k = 1, 2, . . . , m) 166 in the expression above, we are effectively over-parameterising the system. In 167 model estimation, it would not be possible to independently estimate these m + 1 168 parameters, and instead a reduced form would need to be estimated (e.g. by setting 169 β = 1 and allowing the scale to be captured in the θ k (k = 1, 2, . . . , m) parameters 170 only. However, our present paper is not concerned with model estimation, but 171 rather with forecasting and the sensitivity of forecasts to the parameter values. In 172 this context, we find β a useful parameter to include as a sensitivity parameter 173 for our later numerical experiments, since it allows us to vary the overall 'scale' of the deterministic elements of utility, in terms of the relative influence of the deterministic and stochastic components of the random utility model. we propose an extension to the SUE decision model which aims to retain the spirit 187 of such non-compensatory behaviour, while still providing a tractable formulation.
188
Assume that travellers must choose between n discrete alternatives. Now in- quality k has both a deterministic and a random component,
where θ k (k = 1, 2, . . . , m) are parameters, V ik is the measured/deterministic ele-194 ment of utility for alternative i with respect to quality k, and { ik : i = 1, 2, . . . , n;
195 k = 1, 2, . . . , m} are continuous random components following some given joint 196 probability distribution.
197
For simplicity let us assume that the random components are independent be-198 tween qualities. Then we aim to calculate the probability Q N CSU E i that for every 199 quality (k = 1, 2, . . . , m), there will be some alternative other than i that will be 200 seen as better than i, in other words Q i is the probability that alternative i is not the 201 best in any of the m qualities. This probability will (by the above-made assumption 202 of independence) simply be the product over the qualities that some other alterna-
203
tive exists that betters i with respect to that quality, i.e.,
The component probabilities in this product can be calculated according to the 205 usual, single objective random utility model as
Then we can calculate the complement of the probabilities Q N CSU E i above,
207
namely for each alternative i the probability that it is the best alternative with re-208 spect to at least one quality is
The final element in the choice model is to then propose that travellers choose 210 alternatives according to the odds
We may then integrate such a model of probabilistic choice as a way of choos- 
In the special case of m = 1 quality, the NCSUE model coincides with the conven- the product over all qualities k = 1, . . . , m that some alternative j is better than i 251 in quality k, given that j is already better than i in qualities k = 1, . . . , k − 1. This
252
is the product of conditional probabilities
Thus, from Eqn. (11), and similar to Eqn. (8), the probability that alternative i 254 is non-dominated is
The probability of an alternative to be chosen (following Eqn. (9)) is then
In the same way as for the NCSUE model, we now define a flow vector f to be 257 an MSUE (Multi-objective SUE) if and only if it satisfies the fixed point condition
with the difference being that now O(V) is defined through the combination of to a quality k and the utility U jk of alternative j with respect to the same quality k.
273
We assume that this difference has both a deterministic and a random component
where θ k > 0 (k = 1, 2, . . . , m) are parameters, V ik is the measured/deterministic 275 element of utility for alternative i with respect to quality k, V jk is the measured/de-276 terministic element of utility for alternative j with respect to quality k. Most im-
277
portantly we assume that for each quality k and each pairwise comparison of alter-278 natives (i, j), the random terms ijk are independent between pairs. We suppose 279 that these random terms follow a distribution that is given by the difference of two
280
Gumbel random variables (i.e. a logistic distribution).
281
Hence, if we consider just a single pair of alternatives, the probability of an 282 alternative j to be better than i in terms of quality k would be the same as in the 283 case of a binary logit model as shown in Eqn. (16),
Note that β is introduced here as a sensitivity modelling parameter as in Eqn. (4).
285
The key property that we introduce here is that of independence between the terms must be generated by a single set of three independent Gumbel variables
In this standard
294
SUE case, the three created terms (ξ 12 , ξ 13 , ξ 23 ) then certainly would not be in-
295
dependent (neither would they be Gumbel distributed, incidentally). In the model 296 above, however, we do not assume that differences in random terms are formed in 297 this way from differences of random variables; on the contrary, we suppose that 298 ( 12 , 13 , 23 ) are directly specified as independent random variables. To be clear,
299
we are not proposing a model in which ( 12 , 13 , 23 ) are independent as an ap-300 proximation in some sense to a model in which they are created in the standard 301 SUE way (where clearly any implied error term differences would be dependent).
302
Rather, we are proposing an entirely different behavioural paradigm, which it turns 303 out breaks transitivity of preferences in a probabilistic sense (as we explain below).
304
Now we apply the concept of non-dominance in multi-objective optimisation.
305
We assume that an individual will consider an alternative as a plausible alternative 306 as long as it is not dominated by another alternative. So what we are interested in, as in Section 2.3, is first to find the probability of an alternative being dominated,
308
denoted by Q i . This is the probability of the union of the events that alternative i 309 is dominated by d of the n − 1 alternatives j = i for 1 ≤ d ≤ n − 1. Using the 310 inclusion-exclusion principle we get
where 
and we choose alternatives according to the odds
In the same way as for the NCSUE and MSUE models, we define a flow vec-320 tor f to be an MSUE-NT (Multi-objective Non-Transitive SUE) if and only if it 321 satisfies the fixed point condition
with O(V) defined through the combination of Eqns. (15) -(19).
323
In the MSUE-NT model, we are thus able to find closed form solutions, by making the assumptions that the error terms of the differences between alterna-325 tives are independent, rather than the error terms on the evaluations of alternatives 326 according to qualities, as in Eqns. (1) 
Illustration of the Route Choice Models
335
In this section, we will use a simple illustrative example to compare the con-336 ventional SUE model as described in Section 2.1, the NCSUE model described in 
358
We consider three cases: In Case 1, all three routes are non-dominated; in Case 3.1. Case 1 -All routes are non-dominated In this case (see Table 3 ), Route 2 is dominated, while Routes 1 and 3 are non- are best in at least one quality, the NCSUE and MSUE-NT models both compute 417 similar odds in this case. 
427
Test Case 1 Test Case 2 Test Case 3 
A Three-link Example for the Equilibrium Models
444
In this section, we demonstrate and validate our concepts with a simple three- 
where t 0 a is free flow travel time, C a is link capacity, and α and γ are parameters
455
(we chose α = 0.15 and γ = 4).
456
We follow Lo and Tung (2003) and assume that link capacity follows a uniform 457 distribution, defined by an upper bound (the design capacity) and a lower bound
458
(the worst-degraded capacity), which is a fraction, φ a , of the design capacity,c a ,
459
i.e.
460
C a ∼ U (φ a ·c a ,c a ) .
As derived in Lo and Tung (2003), the path travel time T p is normally distributed,
461
T p ∼ N E (T p ) , σ Tp with mean and standard deviation that can be written as
Here δ p a is the usual link-path incidence, i.e. δ 
Note that in Table 5 , we specify a travel time reliability parameter of φ a for that it is the route that could be most degradable although it is the shortest, while
470
Route 3 is assumed to be the most reliable with the highest φ−value. 
Results
472
The results of the equilibrium models based on the SUE and MSUE-NT formu- the three routes for β = 0.01, i.e. when users are all insensitive to the differences.
534
The biggest difference between the SUE and MSUE-NT models arises when mean ciple, which is exponential in the number of alternatives.
555
In future research, we will further develop the theoretical basis of multi-objecti- 
